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Implementing data science
to enhance water distribution system modelling.

A case study of building hydraulic model
of high-pressure zone in Wroclaw
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This study presents the development and calibration of a hydraulic model for a high-pressure zone (HPZ) within the
water distribution network (WDN) of Wroctaw. The work focuses on advanced data processing methods and
calibration techniques to improve model accuracy, drawing upon established concepts from both environmental
engineering and data science. Our results indicate a very good model fit, although with minor inconsistencies
regarding pipe roughness calibration. The overall approach demonstrates how the integration of statistical, hydraulic,
and optimisation techniques can lead to robust and reliable WDN modelling, supporting both academic and

operational needs.

Keywords: water distribution system modelling, data science, water distribution network, evolutionary algorithm,

heuristic approach, artificial intelligence

W pracy oméwiono budowe i kalibracje modelu hydraulicznego Strefy Wysokiego Ciénienia (SWC), bedqcej cze-
$ciq sieci wodociggowej miasta Wroctaw. Opisano wybrane aspekty metodyki z zakresu analizy i obrébki danych
wejéciowych (preprocessingu), poprawiajgce dokfadno$é modelu, bazujgce na réznych technikach wykorzystywa-

nych w inzynierii Srodowiska oraz data science. Otrzymane wyniki wskazujq na wysokgq jakosé kalibracji modelu
hydraulicznego, jakkolwiek zaobserwowano drobne niescistosci w kalibracji chropowatosci wewnetrznych $cian
przewoddéw wodociggowych. Opracowana metodyka pokazuie, iz dzieki potgczeniuv metod statystycznych,
hydraulicznych oraz technik optymalizacyjnych otrzymany model hydrauliczny jest wiarygodny i odpowiedni zaréw-
no do pracy naukowej jak i zastosowan praktycznych.
Stowa kluczowe: model sieci wodociggowej, data science, sie¢ wodociggowa, algorytm ewolucyjny, heurystyka,

sztuczna inteligencja

Introduction

Water Distribution Network (WDN)
modelling is a specialised field within envi-
ronmental engineering and WDN man-
agement that gained prominence towards
the end of the 20th century with the devel-
opment and subsequent widespread
adoption of a modelling software. This
advancement enabled researchers and
engineers to explore new theories while
allowing commercial enterprises to further
enhance modelling capabilities. The rapid
progress in information, computation, and

communication technologies has provided
access to vast amounts of data. However,
it has also intfroduced challenges in han-
dling diverse data types, such as water
meter readings [2] and topological data
from Geographic Information  System
(GIS) software, as described in detail by
Di Nardo et al. [3].

The aim of this article is to highlight
specific aspects of hydraulic modelling that
required extensive processing, achieved
through established concepts in data sci-
ence. While these individual methods may
not be particularly novel, their integration

into a structured heuristic framework could
offer valuable insights for modellers, lectur-
ers, and students alike.

Case study area

The study area selected for our research
is a high-pressure zone (HPZ) within the
water distribution network in Wroctaw (Fig-
ure 1). It comprises five District Meter Areas
(DMAs), with pressure maintained by
a pumping station. Although there are mul-
tiple connections to other DMASs, these are
closed in daily operations. The HPZ was

MEng Karol Dykiert https://orcid.org/ 0009-0003-6168-7352 — Municipal Water and Sewerage Company (MPWiK) in Wroctaw, Poland,
Faculty of Environmental Engineering, Wroctaw University of Science and Technology, Poland, Faculty of Information and Communication

Technology, Wroctaw University of Science and Technology, Poland
DEng Wojciech Ciezak https://orcid.org/ 0000-0001-6210-8728 - Faculty of Environmental Engineering, Wroctaw University of Science and

Technology, Poland

Assoc. Prof. DEng Piotr Brédka https://orcid.org/ 0000-0002-6474-0089 — Faculty of Information and Communication Technology, Wroctaw

University of Science and Technology, Poland.

Adres do korespondencji/ Corresponding author: karol.dykiert@pwr.edu.pl



Figure 1.

Hydraulic model of HPZ in Wro-
claw. Pipe colours denote DMA
assignments; grey pipes were
excluded from the final calibration
stage (see Results). Pressure
measurement stations are marked
with black dots. Flow was measu-
red at DMA entry points and near
the pumping station

Rys. 1. Model hydrauliczny SWC
we Wroclawiu. Poszczegdlne
strefy DMA zostaly zaznaczone
kolorami. Szara strefa nie zostata
poddana ostatecznej kalibraciji,
co zostalo wyjasnione w Wyni-
kach. Czarne punkty oznaczajq
lokalizacje punktéw pomiaro-
wych

Table 1. Element counts in HPZ hydraulic model
Tabela 1. Kluczowe parametry obiektéw mode-

RMSE =
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R? = 1-

Where n is the number of observations,
y; represents measured values, ¥, represents
valves calculated by the model, y, is the
mean of observed values.

The key aspects of our approach are
outlined below.

Initial pipe roughness assessment
The initial task involved assigning pre-

liminary pipe roughness values. In accor-
dance with the established textbook, we

Model
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and topology asessment
systems correction patterns

Model
calibration

Figure 2.

A summary of WDN model development process
Rys. 2. Uproszczony schemat budowy modelu hydraulicznego sieci wodociggowej

lu hydraulicznego SWC
Element type Total count
Number of DMAs 5
Number of junctions 1247
Number of pipes 1341
Number of customers (water demand points) 164
Number of water demand patterns 1034
Number of pumps 3
Number of reservoirs 1
Pipe length, km 68,2
Average total daily water demand (during 8362
14-day period), m?
Number of temporary pressure measurement 30
stations (TPMS)
TPMS sampling interval, minutes 1
Number of permanent pressure measure- 3
ment stations (PPMS)
PPMS sampling interval, minutes 5

established to accommodate the significant
number of high-rise apartment buildings that
require elevated water pressure. The dataset
provided by the Municipal Water and Sew-
erage Company in Wroclaw (MPWiK) was
supplemented by the temporary installation
of hydrant pressure meters for the period of
11 September 2023 - 24 September
2023, covering a tofal of 14 days. Due to
time constraints and various other factors,
hydrant discharge tests were not conducted
as part of the calibration process. Network
conditions were assessed prior to the pres-
sure measurements through operational hy-
drant tests, and subsequently by reviewing
WDN' malfunction and event logs. The
model parameters and network characteris-
tics are summarised in Table 1.

Materials and methods

The hydraulic model was developed
using the commercial software MIKE+,

www.informacjainstal.com.pl

provided by MPWIK. All external data
preprocessing was conducted in Python,
utilising the Pandas [13], [16], NumPy [8],
and Matplotlib [10] libraries. The model-
ling process primarily followed the estab-
lished methodology outlined by Walski
[18]. A brief overview of the workflow is
presented in Figure 2.

For the purpose of model calibration
assessment, we employed the Root Mean
Squared Error (RMSE) [9] and the coeffi-
cient of determination (R2) [4]. RMSE
quantifies the average deviation between
observed and model-predicted values,
while R? provides a statistical measure of
how well the regression line approximates
the actual data distribution. They are de-
fined by the following equations:

employed research from 1981 [12] that de-
tailed Hazen-Williams C-factor values for
various materials, with particular emphasis
on cast iron pipes of differing ages and
subjected to varying water quality levels,
characterised by their degree of attack (cor-
rosiveness). This consideration was espe-
cially critical, given that approximately 45%
of the pipes in the area are composed of
cast iron. At the same time, the remaining
materials that exhibit scaling are present in
considerably lower proporfions. Based on
this research, we developed an initial frame-
work for the assignment of pipe roughness.
We interpolated roughness values corre-
sponding to moderate attack for cast iron
pipes across different diameters to establish
a range of assignable values (Figure 3).

Figure 3.
An example of C-factor 40 4
calculated for cast iron
pipes of various diameters
Rys. 3. Przyktad wartosci
wsp6lczynnika C
Hazena-Williamsa obliczo-
nego dla przewodéw
wodociggowych o réznych
srednicach

Hazen-Wilkams C factor, -
b=

inerpolated values
« onginal values
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The roughness values for other materials,
including ductile iron, steel, and asbestos
cement, were subsequently derived. Owing
to the scarcity of data on the effects of age
and water quality for these materials, we
elected to apply the curves developed for
cast iron as an approximation. This decision
was deemed acceptable given the relative-
ly low prevalence of other materials in the
areq, rendering them a lower priority.

Although the choice of the Hazen-Wil-
liams C-factor may appear unconventional,
given its predominant application in the
United States, the referenced study [12] also
employed this parameter and provided
valuable insights for the initial assessment of
pipe roughness and the parameterisation of
the roughness calibration algorithm. While
the C-factor is limited to turbulent flow re-
gimes, this limitation was considered ac-
ceptable, as pipe roughness is primarily of
concern under such conditions.

Developing water demand
patterns

The development of water demand
patterns required particular attention. As
the model was being constructed, we
aimed to fully utilise the available data,
priorifising volumetric and individual de-
mand patterns to accurately replicate wa-
ter flow at the fime of our measurements.
MPWIK had installed water meters with
more frequent reading intervals, enabling
hourly measurements. However, not all
water meters had been upgraded at the
time of the pressure measurements. To ex-
pand the dataset, we refrieved readings
from June 2024, as a quantitative analysis
demonstrated a strong similarity in water
consumption during this period. Despite
this approach, a considerable number of
missing values remained for individual
water meters. Following discussion, we
decided to fill missing values for time series
where gaps did not exceed two days
within a 14-day period. To achieve this, we
employed the concept closest fit [6],
a method that segments the dataset into
predefined classes and imputes missing
values using the closest available record
within the same class. In our case, the da-
taset was divided into 72 classes, obtained
by assigning one of three labels — Work-
day, Saturday, or Sunday - to each full
day and further subdividing these catego-
ries by the hour of the day. This approach
ensured that both diurnal and hourly varia-
tions in water demand were preserved.

The remaining nodes with present wa-
ter demand received a general pattern
based on total water consumption mea-

sured at the pumping station. The constant
average hourly consumption was multi-
plied by a percentage value in each
timestep.

Reference data formatting and
resampling

As previously mentioned, the develop-
ment of the hydraulic model was centred on
the addifional pressure measurements. After
integrating these data with records from
permanent pressure and flow monitoring
points, we constructed a dataset comprising
time series with varying timesteps. This varia-
tion posed challenges for comparison and
model evaluation, as higher-frequency data
exhibited greater noise and a higher num-
ber of outliers, affecting quality mefrics and
making visual representation less interpre-
table. To address this issue, we applied
a smoothing method using bin means [7],
where each bin represented a full hour
within the 14-day measurement period.
Smoothing by bin means is similar to the
concept closest fit; however, instead of fill-
ing in missing values, it replaces all records
within a class with a single value. In this
case, the replacement value is the mean
calculated from all data points within the
respective class. This adjustment was neces-
sary owing to the difference in fimestep
lengths between the water meters and pres-
sure mefers—one hour and one minute, re-
spectively. Consequently, a one-hour
timestep was adopted for the model.

For the purpose of calibration, we re-
stricted the dataset to periods when the
pumping station was fully operational, ex-
cluding nighttime when the station was shut
down. This approach helped eliminate
potential biases that could significantly im-
pact the calibration process. Retaining
data characterised by substantially lower
pressure and flow rates could mislead the
autocalibration algorithm and compromise
its overall performance. Moreover, the
Hazen-Williams C-factor applies exclu-
sively to turbulent flow regimes and is
therefore unsuitable for the very low flow
rates observed at night. Figure 4. presents
a comparison between the original raw
data and the processed data used for cali-
bration, illustrated as a Hydraulic Grade
Line (HGL) for one of the temporary pres-
sure measurement stations.

Pipe roughness calibration

The final aspect requiring extensive
work was pipe roughness calibration. Un-
like other parameters, pipe roughness
presents a significant challenge due to the
highly irregular and unpredictable nature
of pipe scaling. Consequently, the calibra-
tion of pipe roughness remains an active
area of scientific research, primarily fo-
cused on developing and implementing
various methods to address this issue.

For our study, we adopted a method-
ology inspired by the work of Zhao et. al.
[20], with modifications tailored to our
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Figure 4.

A comparison between the original raw data and the processed data used for calibration, for one of the
measurement points. Notably, the visible drops in water pressure — resulting from the shutdown of the
pumping station — have been removed. For clarity, the original timestamps have been retained in the

processed dataset

Rys. 4. Poréwnanie surowych danych z danymi przygotowanymi do kalibracji, dla jednego z punk-

téw pomiarowych. Zauwazalny spadek cisnienia,

wynikajgcy z wylgczenia przepompowni, zostat

usuniety. Dla klarownosci wykresu oryginalne stemple czasowe zostaly zachowane w przeliczonym

Szeregu czasowym
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specific case. We selected the Shuffled
Complex Evolution (SCE) algorithm [5],
given well-established success of evolu-
tionary algorithms in optimisation tech-
niques for water resource management
[11], including WDN model calibration
[11,114], [171,119], as well as its availabil-
ity within the provided modelling software.
SCE is a global optimisation method
designed for continuous optimisation prob-
lems and is widely applied in hydrological
modelling and environmental engineering.
The algorithm operates by evolving multiple
populations (complexes) of potential solu-
tions through iterative shuffling and evolu-
tion steps. In the modelling software, model
fitness is assessed by computing an aggre-
gated objective function — a weighted sum
of objectives specified by the modeller.
Building on previous research [20] and
network analysis, we developed a meth-
odology for parameterising SCE. The al-
gorithm'’s standard parameters were im-
plemented according fo recommendations
from the original research [5]. Decision
variables were defined based on two cri-
teria: pipe diameter (D) and DMA, result-
ing in a total of 27 decision variables. Each
decision variable was assigned a range of

acceptable pipe roughness values, based
on information from Lamont's work [12].
The target objectives were established us-
ing reference data, with weighting factors
adjusted through preliminary data analy-
sis. In this process, we reduced the weights
of objectives affected by a higher number
of outliers and anomalies.

Results and discussion

The successful development and cali-
bration of the HPZ hydraulic model were
achieved through the application of the
aforementioned methods. The use of the
concept of closest fit allowed nearly 88%
of all water demand points (1024 out of
1164 water demand patterns) to receive
individual water demand patterns, en-
abling an accurate recreation of water
flow during the selected calibration period.
Figure 5. shows a comparison between the
flow measured at the pumping station and
the calculated flow.

Processing the reference data provided
deeper insights info established patterns,
allowing for the refinement of various pa-
rameters, such as the weights assigned to
decision variables. Regarding model fit-
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Figure 5.

A comparison between the flow measured at the pumping station and the calculated flow
Rys. 5. Poréwnanie zmierzonego natezenia przepfywu na przepompowni z przeplywem obliczo-

nym w modelu

ness, the RMSE values calculated for all

reference water pressure data ranged from

0,29 to 1,3 m H,O, while the R? varied

between 0,92 and 0,99. The median

RMSE across all measurement points was

0,46, while the median R2 value was 0,98,

further reinforcing the overall accuracy of

the model. Figure 6. shows the comparison
between calculated and measured values
for one of the measurement points.

These results indicate a very good
model fit, with the majority of the dataset
exhibiting minimal deviation from ob-
served values. Several factors contributed
to discrepancies between the model and
the reference data, including:

e Differences in network depth between
the model and the actual system, result-
ing from the use of a Digital Elevation
Model as a data source for node ele-
vation,

® A pipe burst causing a significant pres-
sure drop at one of the temporary pres-
sure measurement stations,

® Other minor anomalies that were diffi-
cult to accurately implement in the
model.

The complete list of decision variables
used for pipe roughness calibration is pre-
sented in Table 2.

One of the key elements requiring
clarification is the notable variation in the
range of C-factors assigned to decision
variables in locations E and F compared to
other zones. Preliminary calibration results
indicated that the initially assigned C-fac-
tors in these locations (defined in Step 1.)
were nearly adequate, which led us to re-
strict the variation range for the optimisa-
tion process. For the same reason, one of
the DMAs was excluded from calibration
altogether. Furthermore, pipes with diam-
efers smaller than 100 mm were omitted
due to their marginal share in the HPZ.
Analysis of the calibration outcomes re-
vealed several important trends:

e All 300 mm pipes were assigned
a C-factor of 43, the minimum value
permitted by the algorithm.

Figure 6.

Correspondence between calculated and " lggi
measured values, exemplified at one of | o 15392
the measurement points. Part a) presents | ' 169.0
the data used for cdlibration, excluding | £ 168.8
periods when the pumping station was | 3 168.6
shut down at night, while part b) illustra- E j‘gg;
tes the full two-week simulation 'g; 168 0
Rys. 6. Korelacia migdzy wartosciami | € 4574

obliczonymi a zmierzonymi w jednym
z punktéw pomiarowych. Czesé a)
przedstawia dane wykorzystane do
kalibracji, z wylqgczeniem okreséw,
w ktérych stacja pomp byla wylqczona
w nocy, natomiast czesé b) przedstawia
pefne dwa tygodnie symulacji
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Table 2. List of decision variables defined for pipe roughness calibration. Each variable is characte- @  There was no clear correlation be-
rised by pipe diameter and location, the latter determined based on DMA boundaries. Transmission . . .
. A h " - tween pipe diameter and calibrated
mains were further subdivided into two separate topological regions for calibration purposes. The
table includes calibrated values of the Hazen—Williams C-factor, along with the minimum and maxi- C-factor values. In some cases, small-
mum bounds assigned to each variable, which defined the search space for the SCE algorithm er-diameter pipes were assigned high-
Tabela 2. Lista zmiennych decyzyijnych zdefiniowanych dla algorytmu kalibrujgcego chropowatosé. er C-factors than larger ones, a coun-
Kazda zmienna zostata okreslona bazujqc na srednicy oraz lokalizacji, wyznaczonej przez granice terintuiti It hiahliahted i ' Fi 7
DMA. Sieci magistralne zostaly podzielona na dwie oddzielne lokacje. Tabela zawiera dobrane erniuiive resul . '9 'g_ ednmigure 7.
wartosci wspétczynnika C Hazena-Williamsa dla kazdej zmiennej wraz ze zdefiniowanym prze- @ Out of 27 decision variables, 10 were
dzialem wartosci, z ktérego algorytm SCE dobierat wartosé podczas kalibracji qssigned the minimum value and 2 the
Decision variable no. | Diameter (D), mm Location C minimum, — C maximum, — C calibrated, - mQX{mun;, SUggcTSang tje Glglon‘fhm
. 100 A 8 ” 369 grawtak.a Pwor s olun ary so uhon.s
for a significant portion of the vari-
2 125 A 31 78 40,9
ables.
3 150 A 34 80 340 To facilitate further analysis of the rela-
4 200 A 38 8 83,0 tionship between roughness and pipe di-
5 250 A 41 85 78,5 ameter, the calibrated C-factors were con-
6 300 A 43 87 43,0 verted info absolute roughness (€) and
7 100 B 28 76 53,7 subsequently into relatfive roughness (¢/D),
8 150 B 34 80 39,7 allowing for a normalised comparison. This
9 200 B 38 83 60,1 transformation was applied at the link level
10 300 B 43 &7 43.0 within the model, rather than at the level of
" 200 5 2% 0 o5 def:|5|on varlok?les, ensuring a finer granu-
larity of analysis. The outcomes of this pro-
12 100 c 28 76 28,0 ! o !
cess are depicted in Figure 8., which
13 150 C 34 80 34,0 .
presents boxplots generated for each pipe
14 200 C 38 83 38,2 .
diameter.
15 300 < 43 & 430 The calibrated relative roughness val-
16 100 D 28 76 48,4 ves exhibit a clear dependence on pipe
4 150 b 34 80 36,9 diameter. Notably, two disfinct trends can
18 200 D 38 83 38,0 be observed: pipes with a diameter of 300
19 300 D 43 87 43,0 mm and smaller exhibit significantly higher
21 500 E 92 109 92,0 relative roughness values compared to
22 600 E o4 m 956 larger pipes. This observation led us to
23 300 c %% 3 102.2 conclude that the initial pipe roughness as-
2% 1000 . 108 7 w70 sessment wo;. SEffluentl)Lochurote forI |cc:|rgc;
” 200 ; % 108 1042 er pipes, which were there ore exclude
> o0 . o o8 20 from the final roughness calibration using
- the SCE. The better condition of these
26 600 F 94 m 95,0 I di .. .
arger-diameter fransmission mains may be
z 800 F 96 13 99,3 aftributed to more frequent renovations
1000
0.9
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} } ] Figure 8.
30 4o 5 50 L) L 8 00 i 120 Calibrated pipe relative roughness. The minimum and maximum
3 values were identified within 1.5 times the interquartile range
Figure 7. Rys. 8. Chropowatosé wzgledna skalibrowanej sieci wodociggoweij.
Values of calibrated C-factor for all decision variables Minimum i maksimum zostalo okreslone na podstawie 1,5-krotnej
Rys. 7. Dobrane wartosci wspélczynnika C dla wszystkich zmiennych decyzyjnych  wartosci rozstepu miedzykwartylowego
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and replacements, for which some sup-
porting documentation was available.
However, this reasoning does not appear
to apply to smaller-diameter pipes, which
function primarily as distribution mains.

Furthermore, while relative roughness is
generally expected to decrease with in-
creasing pipe diameter, the distribution of
values for certain diameters appears some-
whatirregular, particularly for 100 mm and
200 mm. This variability may be linked to
the specific locations of these pipes within
the network, specific placement of pressure
sensors and the network’s looped topolo-
gy, which poses challenges for accurate
calibration. But it may also indicate that the
calibration algorithm prioritised adjust-
ments for 300 mm pipes while making
minimal modifications to the rest.

Conclusions

Our methodology integrates a range
of data processing and analysis tech-
niques to ensure the accuracy and reliabil-
ity of the hydraulic model. To maximise the
volume of usable data for calibration, we
employed methods such as concept clos-
est fit and bin smoothing. These approach-
es significantly enhanced data complete-
ness, contributing to the overall strong fit of
the model.

With regard to the SCE algorithm, our
analysis revealed that it predominantly
adjusted roughness values for larger-diam-
efer pipes, while the calibration of smaller
pipes remained inconsistent. This discrep-
ancy suggests that the algorithm may have
priorifised cerfain pipe categories, poten-
tially overlooking finer-scale variations in
roughness across the network.

In the final stage of calibration, pipe
material was not explicitly considered, as
its impact was deemed low priority due to
the relatively small proportion of aging
materials other than cast iron within the
HPZ. While incorporating material-specific
roughness adjustments could have further
improved calibration accuracy, it is also
necessary to examine additional factors,
including both hydraulic and topological
parameters.

While our methodology simplified the
data and produced a good model fit, it
inevitably sacrificed some nuances for the
sake of clarity. Therefore, the calibration
should be validated with additional pres-
sure and flow measurements, potentially

including hydrant discharge tests where
feasible. Further analysis of flow rates
could help identify areas of the network
that would benefit from such fests. In addi-
tion, the chosen one-hour timestep may not
be optimal, given the dynamic nature of
water pressure, flow, and demand. Future
work could consider more detailed mea-
surements to refine and improve our ap-
proach.

Addressing these challenges will re-
quire further research, particularly in de-
veloping a more comprehensive mathe-
matical framework for defining decision
variables in roughness calibration. Future
studies will explore refined methodologies
that account for a broader set of influenc-
ing factors, aiming to enhance the preci-
sion and robustness of the calibration pro-
cess.
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